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Abstract

Standard Mixture-of-Experts (MoE) designs
rely heavily on centralized routing mechanisms
that introduce rigid inductive biases. We pro-
pose Routing-Free MoE, which eliminates all
hard-coded centralized components, including
external routers, Softmax, TopK, and fixed load
balancing. All related functionalities become
encapsulated within individual experts, allow-
ing each expert to determine its activation en-
tirely on its own. We introduce a unified, adap-
tively scheduled load-balancing framework to
simultaneously optimize both expert-balancing
and token-balancing objectives through a cus-
tomizable interpolation, letting optimal re-
source allocation pattern emerge locally during
training. Extensive experiments demonstrate
that Routing-Free MoE achieves consistently
better performance, efficiency, and robustness
than baseline approaches at both training and
deployment. We further analyze its emergent
behavior in detail and offer insights that may
facilitate future MoE design and optimization.
Code is available at https://1iuyilun2000.
github.io/RoutingFreeMoE/.

1 Introduction

The scalability of transformer-based Large Lan-
guage Models (LLMs) (Vaswani et al., 2017) is con-
strained heavily by their substantial computational
demands (Kaplan et al., 2020). To efficiently ex-
pand model capacity without proportional growth
in computation, Mixture-of-Experts (MoE) designs
focus on activating subsets of parameters for each
input (Shazeer et al., 2017; Fedus et al., 2022).
This approach presents a fundamental challenge:
how to optimally distribute inputs to experts while
satisfying efficiency considerations.

Existing MoE designs are hindered by structural
limitations across multiple dimensions. Standard
MOoE relies on small, external routers that lack suf-
ficient capacity for storing expert capabilities to
determine expert preference for each input, forcing
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them to learn their prediction via indirect trial-and-
error optimization, which inevitably leads to subop-
timal routing and unstable early training dynamics
(Lv et al., 2025). For computational efficiency,
standard MoE enforces rigid, global constraints
on expert activation that ignore input-specific dy-
namics. The fixed TopK selection imposes uni-
form sparsity, regardless of varying input complex-
ity and expertise of experts, overlooking potential
gains from fewer or more activations (Zhou et al.,
2022). The Softmax operation forces a competi-
tive probability distribution that sacrifices the ab-
solute magnitude information of expert activations
(Wang et al., 2024b). For load-balancing, com-
mon approaches employ different balancing targets
that force predetermined activation patterns, which
are often mutually exclusive yet exhibit varying
performance under different configurations (Fedus
et al., 2022; Zhou et al., 2022; Muennighoff et al.,
2025). Strict adherence to either may constrain the
model’s ability to adaptively discover potentially
better resource allocation patterns (Do et al., 2026).

To bridge these gaps, we introduce Routing-
Free MoE, a bottom-up architecture without any
centralized routers, Softmax, TopK, or rigid load-
balancing designs, where each expert individually
and directly determines its own activation. For
efficiency, we design a unified, configurable frame-
work to adaptively achieve the sparsity and load-
balancing objectives together during training, al-
lowing optimal activation pattern to emerge spon-
taneously at each individual expert. We utilize an
auxiliary loss function that interpolates both token-
and expert-balancing, providing flexibility to adap-
tively exploit both depending on training dynamics
and workload demands.

We validate Routing-Free MoE across three
scales with extensive pretraining experiments in
comparison against baselines. Routing-Free MoE
consistently achieves better language modeling
quality and downstream performance averaged

13253

Proceedings of the 2026 Conference on Empirical Methods in Natural Language Processing, pages 13253-13271
October 24-29, 2026 ©2026 Association for Computational Linguistics


https://liuyilun2000.github.io/RoutingFreeMoE/
https://liuyilun2000.github.io/RoutingFreeMoE/

=

Softmax & TopK

=

Standard MoE
\_

-

Y Routing-Free MoE

Expert in *Expert (Inactive) in

*Expert (Active) in
\_ Standard MoE AR Routing-Free MoE AN Routing-Free MoE Y,

Figure 1: Standard MoE relies on routing to orchestrate expert activations. We let each expert independently
determine its own activation. Green indicates activated components; red for inactive ones; yellow for trainable ones.
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Figure 2: Routing-Free MoE consistently outperforms
standard MoE, AoE (Lv et al., 2025), and ReMoE
(Wang et al., 2024b) in language modeling. All mod-
els are trained on OpenWebText (Gokaslan et al.,
2019) under identical environment conditions and best-
performing configurations, as described in Section 4.1.
FLOPs are estimated for one epoch.

across 9 evaluation benchmarks, with improved
scalability, robustness, efficiency, and flexibility at
both training and deployment. We further analyze
its training dynamics in detail, and document emer-
gent phenomena of density and load-balancing, of-
fering insights that may help guiding future MoE
design and deployment.

In summary, our key contributions are:

* A Routing-Free MoE architecture that eliminates
routers, Softmax, TopK, and hard-coded load
balancing mechanisms.

* A unified, adaptive load-balancing framework
that jointly optimizes token-balancing and expert-
balancing, allowing customizable application.

* Experiments and analyses demonstrating the im-
provements of Routing-Free MoE over baselines.

2 Preliminaries

Consider a standard MoE LLM (Fedus et al., 2022;
Jiang et al., 2024) comprising L transformer blocks.
For layer ¢ € {1,---, L} and token sequence of

length 7', the forward pass' can be formulated as:
x{.p = SelfAttn(h!}) + '}, (1)
hy = MoE(x;) + x, )

where xf:T denotes the attention module output
with residual connection added. The MoE block
performs a token-wise mapping, yielding output hf
attokent € {1,--- , T} with residual added.

The mainstream form of MoE LLMs incorpo-
rates multiple structurally identical FFN experts
Ei(-),1 € {1,---, N} within the MoE layer. This
is implemented via a token-wise routing mecha-
nism among all IV experts at layer ¢, with a gating
network G(-) assigning each token to a designated
number K of top-activated experts:

h=Y" (@xEx) +x O
G (x) = Softmax (TopK (xG, K)), 4)

where G(-) : RP + R¥ denotes the routing mech-
anism, whose output serves as the weights of the
weighted sum for outputs among all N experts,
and only K of N experts receive nonzero values.
The router learns its weight matrix G € RP*N
that can be interpreted as a set of NV individual D-
dimensional expert vectors g;, each responding to
a characteristic hidden state h; that should activate
the corresponding expert E;, with s; = xg; € RY
denoting the token-to-expert affinity scores (Zhou
etal., 2022; Liu et al., 2026b). TopK(s, K) retains
the top- K scores and masks the rest to —oo.

Each individual expert E; is implemented as a
Feed-Forward Network (FFN). Modern FFN typi-
cally takes the form of a Gated Linear Unit (GLU,
Dauphin et al. (2017); Shazeer et al. (2017)):

FEN(x) = [0(xWup) ® (XWgate)|[Wdowns (5)

where o is the activation function and ® denotes
element-wise multiplication. In MoE LLMs, this

'LayerNorms and dropout are omitted for clarity.
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design enables a second level of input-dependent
information filtering, leading to potentially more
effective representations.

The routing in standard MoE relies on several
strong inductive biases. With merely NV expert vec-
tors g; € RP, the router’s capacity is orders of
magnitude smaller than the experts themselves, yet
must compress the knowledge-intensive activation
preferences of all [V experts into single dot-product
scores without any direct signal about expert capa-
bilities, improving only through indirect trial-and-
error (Lv et al., 2025). TopK hard-codes a fixed
sparsity ratio K /N regardless of input complexity,
preventing input-adaptive activation patterns (Zhou
et al., 2022). Softmax discards absolute activation
magnitudes by forcing a competitive probability
distribution, suppressing the residual contribution
of highly suitable experts when others also happen
to score higher (Wang et al., 2024b).

3 Methodology
3.1 Architecture

To alleviate the router bottleneck, Lv et al. (2025)
introduce Autonomy-of-Experts (AoE), with

FFN(x) = [0(xAgateBgate) © (xWup)|Waown, (6)

where Agate € RPX" projects the input hidden
state x from hidden dimension D to a lower-
dimensional rank r» < D, and Bgate € R7* Dact
projects it back. This low-rank representation pro-
vides an alternative indicator of expert suitability
that originates from within the expert itself rather
than from an external router. Each expert can there-
fore directly produce its own scalar activation score
by applying a norm to its own internal representa-
tion || xAgate,i||2. However, AoE feeds the internal
scores ||XAgate |2 back to the standard centralized
TopK and Softmax routing pipeline:

G(X) = SOftmaX(TopK(HXAgateHZa K))v (N

thereby retaining the structural constraints and in-
ductive biases of conventional routing.
Meanwhile, addressing the constraints of TopK
and Softmax, Wang et al. (2024b) propose ReMoE,
which replaces TopK and Softmax with a single
ReLU function applied directly to router’s output:

G(x) = ReLU(xG), (8)

The sparse activation arises naturally from ReLU
without any explicit TopK selection or comparative
normalization. The absolute magnitude of router
scores is preserved, allowing each expert’s resid-
ual contribution to be linearly weighted by router’s

prediction, rather than a normalized relative pref-
erence. Nevertheless, ReMOoE still retains a cen-
tralized external router, preserving the information
bottleneck and indirect optimization dynamics.

Building on these insights, our Routing-Free
MOoE seeks to eliminate all constraints of rout-
ing mechanisms. We adopt AoE’s FFN design
(Equation 6) using each expert’s internal norm
|xAgate||2 as the initial expert preference score,
grounding the activation decision in the expert’s
own response to the input. Since [[xAgatel2 is
strictly non-negative unlike router’s x(, we intro-
duce a learnable per-expert bias term before activa-
tion upon ReMoE’s design, yielding

GZ(X) = RGLU(HXAgateJHQ — bz) (9)

With the per-expert bias term introduced, experts
whose weighted norm falls below their own bias
threshold contribute zero and are effectively deac-
tivated, allowing each expert to jointly adapt both
its Agate,; matrix and the b; parameter to effec-
tively adjust its own activation ratio. We further
introduce a global post-activation threshold 6 as a
configurable hyperparameter for external control
over the overall sparsity level, giving the final bi-
nary activation decision of each expert:

fi(x) = 1{Gi(x) — 0 >0} . (10)

The result is a fully decentralized architecture with-
out any external router, TopK or Softmax, making
each expert independently determine its own acti-
vation from within, allowing the global activation
pattern to emerge bottom-up from collective self-
adjustment of all experts. Figure 1 visualizes the
architecture of Routing-Free MoE and its experts.

3.2 Training

Training MoE models requires simultaneously
maintaining the activation ratio and balanced ex-
pert and token distribution. Standard practice hard-
codes TopK for the activation ratio, and addresses
balancing via either Token-Choice (TC) (Shazeer
et al., 2017; Fedus et al., 2022) that guarantees per-
token compute but not expert balance, or Expert-
Choice (EC) (Zhou et al., 2022) that hard-codes
uniform expert utilization but not per-token com-
pute, as illustrated in Figure 3. Both enforce one
balanced dimension as a hard constraint and opti-
mizes the other via soft auxiliary loss. As Routing-
Free MoE has eliminated all centralized routing
mechanisms, standard activation ratio and load-
balancing strategies that rely on hard-coded TopK
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Figure 3: Load-balancing for tokens and experts. Routing-Free MoE introduces a unified load-balancing framework
that simultaneously optimizes both expert-balancing and token-balancing through a configurable interpolation.

(Do et al., 2026) no longer apply. We introduce
a unified load-balancing framework by extending
the auxiliary loss of Fedus et al. (2022) to jointly
encourage both balanced token distribution across
experts and balanced expert activation per token,
without requiring any centralized mechanisms.

As the binary activation decision f; in Equa-
tion 10 is non-differentiable, we directly use the
pre-threshold activation weight G;(x) as a differ-
entiable activation proxy of expert F;. We define
the mean activation density over a set of experts £
and token batch B and its differentiable proxy as:

p(€.B) Yo R (11)
|5‘| B e

p(E,B) > Gilx) (12)
’gH |e e xeB

Both quantities equal the target activation density
Poo under perfectly uniform load.

We decompose the load-balancing objective into
two complementary terms>. The expert-balancing
loss Lgp encourages uniform distribution of tokens
across experts by penalizing experts that consis-
tently receive more or fewer tokens than average:

1 1
fon = e 2 (B é“")) (lﬁléc’ )
13)
The token-balancing loss L1p encourages uniform
distribution of activated experts per token by pe-
nalizing tokens that consistently activate more or
fewer experts than average:

Fre = |r>’|Z mzﬁ 2 Cilx

‘gl e; €EE
(14)

Each loss is a dot product between a binary non-

2We avoid using the terms expert choice and token choice
in Routing-Free MoE because the notion of “choice” implies
a centralized comparison and selection process, which con-
tradicts our principle that all decisions should emerge locally
and independently at individual experts and tokens.

differentiable term and a differentiable proxy, and
is minimized when both factors equal po, uni-
formly>. The two objectives are combined via a
configurable interpolation parameter p € [0, 1]:

Lig = pLes+ (1 —p) Lrp. (15)

Setting i = 1 recovers a pure expert-balancing,
and p = 0 recovers pure token-balancing. This pro-
vides a single unified framework that interpolates
both routing paradigms, allowing load-balancing
to be tailored to specific deployment needs.
Rather than fixing the auxiliary loss coefficient
A as a static hyperparameter, we follow Wang et al.
(2024b) and adopt an adaptive schedule that drives
the empirical activation ratio toward the target po
throughout training. The total training objective is

L=Lim~+ N\ LB, (16)
with \; updated at each training step ¢ as:
)‘t—I—l =\ - (1 + n>sign(pt(5,3)—poo) . (17)

When the current density p; exceeds the target poo,
At increases to exert stronger load-balancing pres-
sure; when below, it decreases to allow more expert
activations. The step size 1 controls the respon-
siveness of this feedback loop. This formulation
avoids the need to manually tune A while ensuring
the model converges to the desired computational
budget, and is compatible with both training from
scratch and adaptation of pretrained MoE models
into Routing-Free MoE.

To encourage all experts to participate during
the early warm-up phase of training, each expert’s
bias is initialized as 1e %, allowing all experts to be-
come activated, jointly exploring the representation
space and establishing initial specialization before
sparsity is enforced. As training progresses and
A increases, the sparsity regularization gradually
strengthens, driving the activation density toward
target poo. By this stage, experts have already de-

3See Appendix A.
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| Arch.| Size FLOPs|PPL||PIQA HellaS WinoG ARCe ARCc OBQA QQP QNLI SST-2| Avg.
MoE | 92.44M 90.93M | 31.22 | 57.56 27.19 51.22 3342 2133 24.60 36.82 49.46 49.08 |38.96

S AoE | 93.85M 88.57M | 30.00 | 56.09 27.01 50.20 33.84 2193 25.00 36.82 49.46 49.08 |38.82
ReMoE | 92.44M 90.93M | 29.60 | 56.58 26.69 51.62 33.38 2227 26.00 36.83 49.48 49.08 |39.10
RFMOE | 95.32M 91.08M | 27.42 | 58.49 27.09 50.59 35.77 21.59 2440 3698 49.44 53.56 |39.77
M MoE | 289.9M 248.0M | 25.00 | 58.32 28.26 5233 36.20 21.42 24.60 36.85 49.46 49.31 |39.64
RFMOoE | 307.3M 249.2M | 22.08 | 58.92 27.85 49.72 3527 2150 26.40 37.06 49.51 57.34 |40.40

L MoE | 808.4M 608.4M | 24.58 | 59.19 29.37 50.83 36.41 2329 25.00 37.57 49.28 49.08 | 40.00
RFMOE | 870.6M 613.2M | 19.97 | 58.87 2827 50.51 37.46 21.67 26.60 39.93 49.86 53.67 |40.76

Table 1: Evaluation results for standard MoE baseline and Routing-Free MoE across scales and benchmarks. Each
model is trained on OpenWebText (Gokaslan et al., 2019) from scratch for one epoch. Details in Appendix E.

veloped distinct roles, avoiding expert collapse and
ensuring a stable and effective phase transition.

4 Experiments

We conduct comprehensive experiments to validate
the performance of Routing-Free MoE.

4.1 Experimental Setup

We implement Routing-Free MoE upon the Hug-
gingFace implementation* for the Mixtral archi-
tecture (Jiang et al., 2024), which includes atten-
tion designed as Grouped Query Attention (GQA,
Ainslie et al. (2023)) with Rotary Position Embed-
dings (RoPE, Su et al. (2024)), FFEN using SwiGLU
activation (Shazeer, 2020), and Root Mean Square
Layer Normalization (RMSNorm, Zhang and Sen-
nrich (2019)) applied to the residual stream prior to
each attention and MoE FFN (Xiong et al., 2020).

We conduct experiments across three scales
(S/M/L) up to 0.8B, and compare against a standard
MOoE baseline with identical structure except for
the routing mechanism. AoE (Lv et al., 2025) and
ReMoE (Wang et al., 2024b) are also examined as
both additional baselines and ablated variants for
comparison. Detailed hyperparameters and training
configurations are in Table 8 in Appendix.

Following standard practices, all models are
trained on OpenWebText (Gokaslan et al., 2019)
for one epoch. Zero-shot evaluation is conducted
across 9 benchmarks (Gao et al., 2024b). We in-
clude PIQA (Bisk et al., 2020), HellaSwag (Zellers
et al., 2019), WinoGrande (Sakaguchi et al., 2021),
ARC-Easy and ARC-Challenge (Clark et al., 2018),
OpenBookQA (Mihaylov et al., 2018), and QQP,
QNLI and SST-2 from GLUE (Wang et al., 2018).
Accuracy is reported on WinoGrande, QQP, QNLI,
and SST-2, and normalized accuracy on others.

4https ://github.com/huggingface/transformers/
tree/v4.57.6/src/transformers/models/mixtral

Config. | Size FLOPs|PPL|
Standard MoE 92.44M 90.93M | 31.22
w/o router (AoE, r=16) 93.85M 88.57M | 30.00
w/o router (AoE, r=32) 95.32M 91.08M | 30.31
w/o TopK&Softmax (ReMoE) | 92.44M 90.93M | 29.60
Routing-Free MoE (r=16) 93.85M 88.57M | 28.73
Routing-Free MoE (r=32) 95.32M 91.08M | 28.33

Table 2: Ablation performed at scale S. Detailed config-
urations for each run are provided in Table E.

4.2 Main Results

Table 1 presents language modeling perplexity and
downstream benchmark evaluation results across
all three scales under an iso-compute comparison,
with FLOPs matched within ~1% between MoE
and Routing-Free MoE at each scale. Figure 2
shows the detailed validation perplexity evolution
with total FLOPs throughout training. Routing-
Free MoE achieves consistently better validation
perplexity than standard MoE across all scales. On
downstream benchmarks, Routing-Free MoE also
consistently improves the average performance,
with a detailed statistical analysis (Appendix C)
supporting that Routing-Free MoE can produce a
statistically significant improvement over the stan-
dard MoE baseline. Notably, the gain of Routing-
Free MoE does not diminish with scale, suggesting
that the benefits of our approach can continue to
provide gains as models scale up.

4.3 Architectural Comparison

We experiment at scale S, decomposing the contri-
bution of each architectural change over the stan-
dard MoE via incremental ablation, with main re-
sults shown in Table 2. Routing-Free MoE outper-
forms either by a substantial margin under match-
ing size and FLOPs. A visualization of perplexity
curves during training for AoE and ReMoE can
also be found in Figure 2.

Table 3 reports the effect of 7. Increasing r con-
sistently improves perplexity, yet with diminishing
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Figure 4: Training dynamics of Routing-Free MoE at scale S, with r = 16, \g = 1e 70,y = 0.02, and o = 1le 3.

r | Size FLOPs | PPL|
8 | 93.11M 87.32M | 29.16
16 | 93.85M 88.57M | 28.74
32 | 9532M  91.08M | 28.34
64 | 98.27M  96.09M | 28.24

Table 3: Effect of low-rank projection dimension at
scale S, with learning rate o« = le 3.

returns. Therefore, we set 32 as the default » and
scale it proportionally with the hidden dimension
D across experiments on other scales for the opti-
mal efficiency—quality trade-off.

A detailed analysis about Routing-Free MoE at
deployment is provided in Appendix B, including
efficiency improvements by expert parallelism and
the effects of adapting threshold 6 at inference.

4.4 Training Dynamics

Figure 4 visualizes the training dynamics of
Routing-Free MoE. The empirical activation den-
sity p begins near 1 at initialization, drops sharply
to the target po as A grows, and remains close to
the target thereafter. The differentiable proxy p also
settles slightly above p, at convergence. \ rises
steeply during the initial warm-up phase, plateaus
as p converges to pso, and collapses sharply near
the end as density falls marginally below the target.
The regularization term ALy p exhibits a transient
spike caused by the exponential growth of A, with
its magnitude rising above 10~!, making it a non-
negligible contributor to the total loss £ alongside
L1, and steering gradient descent toward direc-
tions that also reduce £1,p. As training progresses,
ALy decays to a negligible level, demonstrating
how load-balancing pressure is applied precisely
when needed without persistently distorting the
language-modeling optimization objectives.
Figure 5 further examines training stability by
sweeping the learning rate . Under conservative
«, both models converge smoothly with Routing-

a=5x10"* a=1x1073 a=2x10"3
: 10° — MoE — MoE “+* MoE
2 RFMoE RFMoE RFMoE
(-}
& N :
\
= ) \ N\
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(a) Training curves with different «v at scale S
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— MoE == MoE
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Perplexity (PPL) |
5!\)
/,/
7
/
7
/

Step Step Step

(b) Training curves with different « at scale L

Figure 5: Training dynamics of Routing-Free MoE with
different v, with r = 16, A\g = 1le~1°, and n = 0.02.

Free MoE consistently achieving lower perplex-
ity. As «a increases, the standard MoE baseline
begins to collapse much earlier than Routing-Free
MoE. This is evident at scale S, where MoE fails
at o = 2e 3 while Routing-Free MoE remains sta-
ble throughout training. In addition, tuning « for
the standard MokE at scale L yields only marginal
gains over its scale-M performance (as in Figure 2);
whereas Routing-Free MoE continues to improve
as scale increases, highlighting its enhanced scala-
bility. Routing-Free MoE not only outperforms the
baseline, but also exhibits better training stability
and less sensitivity to learning rates, tolerating a
wider range of hyperparameter choices at scale.

5 Discussion

Beyond its performance, here we document some
intriguing aspects of Routing-Free MoE.

5.1 Per-Layer and Global Density

With Top-K at each layer eliminated, a natural ques-
tion is whether the target activation density poo
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¢ | PPLL  Eval Throughput 1

only TB 0.0 | 28.41 645.7
0.2 | 28.35 648.3
balanced 0.5 | 28.34 662.3
0.8 | 28.38 643.9
only EB 1.0 | 2843 648.8

Table 4: Effect of load balancing interpolation parameter
. Throughput is measured as samples per second.

should still be enforced within each layer, or only
globally across all experts. Per-layer enforcement
computes L p separately at each layer, continuing
to impose the inductive bias for a uniform spar-
sity at every depth. A global p.., in contrast, re-
laxes the constraint and allows individual layers to
deviate from p., so long as aggregate activation
matches the target and improves the overall loss
L. Our experiment on scale S finds that relaxing
this inductive bias leads to a significant improve-
ment with perplexity drops from 39.44 to 28.74.
In Figure 6 we illustrate the emergent expert ac-
tivation pattern that Routing-Free MoE develops
by itself during training when this per-layer bias is
removed. A detailed analysis on this matter is pro-
vided in Appendix D.2. Enforcing identical spar-
sity at every depth suppresses the compute-hungry
layers that naturally benefit from activating more
experts, while simultaneously forcing unnecessary
activations in layers where sparse representations
suffice. Once this bias is lifted, the model is free
to self-organize into a more effective, functionally
aligned activation structure.

5.2 Token and Expert Balancing

A key contribution of this work is demonstrating
empirically that token- and expert-balancing strate-
gies can be combined in a complementary manner
via soft interpolation rather than being treated as
mutually exclusive. Prior work (Zhou et al., 2022;
Muennighoff et al., 2025) documented that EC and

TC perform better under different configurations,
but our unified framework provides a mechanism
to adaptively balance both objectives.

Table 4 shows that u = (0.5 achieves the low-
est perplexity and highest throughput, which de-
grades toward either direction. Token-balancing
enables flexible compute allocation based on input
characteristics, while expert-balancing ensures uni-
form expert utilization and encourages specializa-
tion; the two objectives address orthogonal failure
modes and jointly produce better outcomes than
either alone. This complementarity is illustrated in
Figure 7. Under token-only balancing (Figure 7a),
the absence of expert balancing leads to larger acti-
vation probability differences across the expert axis,
with a few experts activated far more frequently
than others. Conversely, under expert-only balanc-
ing (Figure 7c), expert loads are more horizontally
uniform, but activation patterns vary notably across
benchmarks, indicating that without token-level
regularization, expert activation becomes overly
sensitive to the input domain distribution. When
both objectives are active (i = 0.5, Figure 7b), the
activation pattern is more uniform along both axes
and more consistent across inputs.

6 Related Work
6.1 MoE Foundations

Mixture-of-Experts was introduced as adaptive
mixtures of local experts (Jacobs et al., 1991; Jor-
dan and Jacobs, 1994) and later scaled to deep
networks (Eigen et al., 2014; Shazeer et al., 2017).
Interpretability studies reveal that FFNs in trans-
formers capture knowledge with sparse activations
(Geva et al., 2021; Dai et al., 2022; Dalvi et al.,
2019; Durrani et al., 2020; Gurnee et al., 2023),
motivating MoE designs that activate only a sub-
set of parameters (Liu et al., 2023). Modern MoE
architectures have since been deployed at scale
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Figure 7: Expert activation heatmaps on different input for representative layers at scale S. Each row shows the
average expert activation ratios on a given benchmark. Darker colors indicate more frequent activation.

(Lepikhin et al., 2021; Fedus et al., 2022; Zoph,
2022; Komatsuzaki et al., 2023; Rajbhandari et al.,
2022; Du et al., 2022), with frontier models with
over billions of parameters (Jiang et al., 2024; Dai
et al., 2024; Grok, 2024). Structural enhancements
such as shared experts (Gou et al., 2026; Dai et al.,
2024) further help reduce parameter redundancy.

6.2 Routing Mechanisms

Traditional MoE relies on centralized routers,
learned linear projections followed by TopK se-
lection (Lepikhin et al., 2021; Fedus et al., 2022).
Recent work has moved toward relaxing the routing
mechanisms. Lv et al. (2025) replaces the router
with expert-internal scoring; Wang et al. (2024b) re-
places Softmax and TopK with ReLU gating. Other
approaches include using vector quantization for
expert assignment (Do et al., 2025), virtual shared
experts (Wu et al., 2026), using pretrained language
models as routers (Liu and Lo, 2025), and with
ternary expert expansion (Yan et al., 2025). Huang
et al. (2024) propose adjusting expert counts based
on input difficulty. Do et al. (2026) utilize global
TopK selection over a combined similarity score to
unify token- and expert-choice routing.

6.3 Load Balancing and Training

Token Choice (Shazeer et al., 2017; Fedus et al.,
2022) guarantees per-token compute but not ex-
pert balance. Expert Choice (Zhou et al., 2022)
guarantees expert load balance, but may poten-
tially yield suboptimal matching. Studies has
shown that Token Choice and Expert Choice bal-
ancing are complementary rather than mutually
exclusive (Muennighoff et al., 2025). Recent ad-
vances include auxiliary-loss-free balancing via dy-
namic bias (Wang et al., 2024a; DeepSeek-Al et al.,

2025), similarity-preserving routers (Omi et al.,
2025), expert specialization through orthogonality
losses (Guo et al., 2025b; Feng et al., 2025), and
infrastructure-level scheduling (Zhao et al., 2026;
Yu et al., 2025). For training stability, TopK se-
lection’s discontinuity prevents gradient flow to
non-selected experts; Wang et al. (2024b) address
this with differentiable ReLLU gating and adaptive
regularization. Qiu et al. (2025) provide practical
guidance on auxiliary losses, while He et al. (2024)
and Pan et al. (2024) address auxiliary losses at in-
ference. Do et al. (2026) propose a unified scoring
function with global TopK selection that linearly
combines TC and EC similarity scores, which ad-
dresses representation collapse and token dropping
simultaneously. Elango et al. (2026) and Cui et al.
(2026) explores MoE efficiency from the direction
of communication overhead and parallelism. Most
of the aforementioned approaches retain explicit
routing mechanisms and remain dependent on cen-
tralized routing decisions.

7 Conclusion

We present Routing-Free Mixture-of-Experts, an
MOoE architecture that entirely eliminates central-
ized routing mechanisms, along with a unified
adaptive load-balancing framework that jointly op-
timizes token- and expert-balancing objectives dur-
ing training. Experiments across 3 scales and 9
benchmarks validate that Routing-Free MoE con-
sistently outperforms baselines, with improved ef-
ficiency and robustness. We further analyze the
load-balancing behavior throughout training and
the expert activation patterns. Routing-Free MoE
opens a path toward more flexible and efficient ar-
chitectures. We hope this work encourages future
exploration of MoE design and optimization.
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Limitations

Our experiments are conducted exclusively on mod-
els trained from scratch on OpenWebText at scales
up to 0.8B parameters. While results are consistent
across three scales, it remains an open question
whether the findings generalize to even larger-scale
pretraining regimes, where prior scaling-law stud-
ies suggest that both performance and qualitative
model behavior might shift (Kaplan et al., 2020;
Hoffmann et al., 2022; Wei et al., 2022), which lie
beyond our current resource limits. Similarly, we
only evaluate on 9 English benchmarks for com-
monsense reasoning and natural language infer-
ence, which are still limited in scope relative to
broader concerns raised about benchmark gener-
ality in NLP (Raji et al., 2021) and may not cap-
ture the full range of applications present in real-
world applications. We leave performance in other
domains such as arithmetic and logic reasoning
(Cobbe et al., 2021), coding (Chen et al., 2021; Liu
et al., 2026a), safety (Jiao et al., 2026), multilingual
settings (Hu et al., 2020; Yang et al., 2026), low-
resource languages (Hedderich et al., 2021), and
other multimodal or domain-specific settings (Lin
et al., 2026; Jiang et al., 2026; Yan et al., 2026) un-
explored, as well as robustness under distribution
shift or adversarial input (Nie et al., 2020). Given
that our method follows standard training practices
common among a broad body of peer-reviewed re-
search in this field, it is highly plausible that the
observed trends will carry over to broader settings.

Another practical direction we have not explored
is converting an existing pretrained standard MoE
model into a Routing-Free MoE via continued pre-
training or training-free adaptation, rather than
training from scratch, following the spirit of prior
dense-to-MoE conversion methods (Zhang et al.,
2022; Komatsuzaki et al., 2023; Liu et al., 2026b).
A conversion could further reduce the compute cost
of adopting our approach, making it a promising
avenue for future work; yet it introduces a vast
set of distinct challenges beyond the scope of this
work.

Ethics Consideration

Routing-Free MoE is proposed as a general purpose
language model architecture and does not intro-
duce domain-specific risks beyond those inherent
to language model pretraining more broadly (Ben-
der et al., 2021; Weidinger et al., 2021; Bommasani
et al., 2022). However, as with any method that
improves model efficiency and scalability, it may

lower the barrier to training more capable models,
with corresponding societal and governance impli-
cations that merit careful consideration in down-
stream applications (Strubell et al., 2019; Sastry
et al., 2024).

The OpenWebText dataset used in our exper-
iments (Gokaslan et al., 2019) may also reflect
demographic or geographic biases present in large-
scale web corpora, similar to those documented
in other web-scraped pretraining datasets (Dodge
et al., 2021; Gehman et al., 2020). We did not
conduct dedicated bias or safety audits, and the
absence of such analyses means that potential fair-
ness, privacy, or safety issues may persist (Mitchell
et al., 2019; Gebru et al., 2021). It is therefore
incumbent upon downstream users and deployers
to perform appropriate task-specific fairness, pri-
vacy, and safety evaluations before any real-world
deployment. We disclaim responsibility for unin-
tended consequences arising from downstream use
that involve models trained using our approach.
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A Load-Balancing Loss

Fedus et al. (2022) first introduced a differentiable
auxiliary load-balancing loss to MoE, defined as
the scaled dot-product

N

Lip=a-N-Y fiP, (18)

=1
where f; is the fraction of tokens dispatched to ex-
pert ¢ and F; is the fraction of router probability
allocated to expert ¢. Since f; is non-differentiable,
the gradient flows through F; alone, while f; serves
as a fixed per-step weight. The loss is minimized
under uniform routing, as >, fiP; = 1/N when
both vectors are uniform. Our Lgg and Lr1g fol-
low the same product-of-averages structure and
gradient strategy, extending it to simultaneously en-
courage uniformity along both the expert and token
axes without any centralized routing mechanism.
We show that Lgg and L1p are minimized towards
the desired uniform activation state at po.. Let

fi = |113| S i), G- |;| S Gix) (19)
xeB xeB

denote the per-expert mean binary activation and
its differentiable proxy. Under the constraint that
the adaptive coefficient \; pins the mean density
‘71| > i fi = poo, the sum >, f;g; is minimized
when all terms are equal by the rearrangement in-
equality, achieved precisely at f; = §; = poo for all
1. While the losses are not written as explicit vari-
ance terms, any imbalance where over-activated
experts co-occur with larger proxy values increases
>, figi above the baseline p?, attained under per-
fect balance, since f; and g; share a common depen-
dence on G;(x). The excess above p2, is therefore
a monotone function of the covariance between
binary activations and their proxies, providing im-
plicit variance penalization through a fully differ-
entiable surrogate without requiring additional nor-
malization terms. An identical argument applies to
L1 by symmetry over the token axis.

B Routing-Free MoE at Deployment
B.1 Expert Parallelism

Deploying MoE at scale often benefits from parti-
tioning experts across multiple devices under ex-
pert parallelism (EP) (Lepikhin et al., 2021). In
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this setting, we trace the full critical path of both
architectures and analyze per-regime efficiency.

Consider a single MoE layer distributed to M de-
vices, each hosting N/M experts, and processing
a batch of T' tokens with hidden dimension D and
b bytes per element. We adopt the standard «-f3
model (Hockney, 1994) that transferring n bytes
over one hop incurs latency o + n/B, where « is
the startup per-hop latency and B is the per-link
bandwidth. In standard MoE each token is routed
to K experts, and Routing-Free MoE activates an
expected K.g = poo - N experts per token.

For a standard MoE layer, the router matmul,
Softmax, and TopK are strictly sequential and cen-
tralized, with costs

trouting = Trouter T tSoftmax T+ tTopK

xT-(D+2)-N. (20)

Softmax requires all N logits before any normal-
ization can proceed; TopK requires a full selection
pass over NN values. Neither can be parallelized
across devices, and dispatch cannot begin until
both complete. Afterwards it produces a token-
to-expert index tensor as dispatch assignment used
to pack token buffers, which are sent to multiple
target devices via blocking All-to-All:
K-T-D-b

M-B
Expert FENs run on the received K - T'/N tokens
per expert with no inter-device communication,
with the parallelized per-device cost

taon = (M—-1)a + (21

T
texpert X 3K - M D+ D (22)

Their outputs are then scattered back to originating
devices with the same buffer geometry and All-to-
All a2, and the receiving device uses its locally-
stored assignment mask to scatter outputs into the
correct positions, which is a cheap local memory
operation. Total per-layer cost is

TMOE = trouting + texpert
K-T-D-b
M-B
Routing-Free MoE starts from a non-blocking
All-Gather to broadcast the full token batch:
(M-1)-T-D-b
M- B '
Each device can immediately begin scoring its
N/M local experts on incoming chunks, pipelin-
ing scoring with communication. The total scoring
cost per device, including applying XA gate, norm,

+2(M—1) o + 2 (23)

tac = (M—1) o+ (24)

bias, activation and thresholding, is

tscoring xT-D-r- (25)

I
For activated token—expert pairs, XAgate; COM-
puted during scoring is directly reused in the FFN
forward pass, incurring zero marginal cost. For
non-activated tokens computation terminates after
the rank-r projection, costing only 7" - D - r rather
than a full FFN pass. The remaining per-device
FEN cost for activated pairs is

. T

lexpert X Koy - A (r+2D) - Dyct.
Activated outputs are immediately returned as asyn-
chronous point-to-point messages upon completion,
with no barrier required:
Keg-T-D-b

M- B
Receiving devices accumulate partial sums as re-
sults arrive. Total per-layer cost is

(26)

(27)

tcombine = &

TRFMoE = tscoring 1 taxpert + Ma
(M -1+ Keg)-T-D-b
+ B .

Setting K = Kg for an iso-compute compari-
son, the ratio of computation cost for routing and
expert processing becomes

tecoring + toxpert 7D+ 2o (1 +2D) Dacy

trouting + lexpert (D + 2)M + £ (3D)Daey’
Since r < D and M < Dy, this ratio is strictly
less than 1, and gets smaller when M grows. There-
fore, under expert parallelism, Routing-Free MoE
always requires less computation per layer than
standard MoE.

For communication, the barrier synchronization
saving Aa = (M —2) « is strictly positive for all
M > 3, independent of input size or activation
ratio. The bandwidth terms differ as

(K+1—-M)-T-D-b
A B = ’
M- B

which favors Routing-Free MoE when M < K +1.
In the prefill stage where T is large, the Ap
term dominates the communication overhead, and
Routing-Free MoE is advantageous when the num-
ber of devices M is no greater than the number of
activated experts K for each layer, which typically
holds in practice for advanced large-scale MoE
models (Guo et al., 2025a) under expert-parallel
setting at inference. In the decode stage where
T=1, the bandwidth term becomes negligible and
the critical path is instead dominated by « and
sequential computational bottlenecks, and Routing-

(28)

(29)

(30)
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Setting | T M K | Throughputt
Prefill Stage
MoE | 1,024 1 3 22,346.66
MoE | 1,024 2 3 18,034.84
MoE | 1,024 3 3 18,558.08
MoE | 1,024 4 3 18,355.43
RFMoE | 1,024 1 3 22,271.77
RFMoE | 1,024 2 3 22,268.24
RFMoE | 1,024 3 3 21,822.29
RFMoE | 1,024 4 3 21,784.77
Decode Stage
MoE 1 1 3 57.90
MoE 1 2 3 45.65
MoE 1 3 3 45.61
MoE 1 4 3 44.67
RFMOoE 1 1 3 52.14
RFMOoE 1 2 3 52.05
RFMOoE 1 3 3 50.11
RFMOoE 1 4 3 49.84

Table 5: Prefill and autoregressive decode tokens-per-
second throughput per device under expert parallelism.
Prefill process 1T=1,024 tokens in a single forward pass;
decode generates 128 tokens autoregressively with 7'=1
per step. K=3 denotes TopK for standard MoE and
K.=3 for Routing-Free MoE. All runs use batch size
1 with input tokens sampled randomly from OpenWeb-
Text, bfloat16 precision, and report the mean over 10
repetitions after 3 warmup ones.

Free MoE becomes exceptionally well-suited for
such high-throughput, low-latency streaming infer-
ence scenarios.

To corroborate the theoretical analysis, we eval-
uate Routing-Free MoE against standard MoE un-
der expert-parallel deployment across varying se-
quence lengths 7', device counts M, and expert
activations K for our trained model at scale S in
production-representative settings. We isolate the
prefill and the decode stages. For each configu-
ration, we measured end-to-end processing time,
breaking down contributions from computation,
communication, and synchronization overhead.

Table 5 reports throughput under expert paral-
lelism for models at scale S. Standard MoE through-
put drops sharply when moving from M=1 to
M=2, with Prefill falls by ~19%, and decode
falls by ~21%, with little recovery at M =3 or
M=4. This reflects the blocking All-to-All dis-
patches and the sequential, non-parallelizable rout-
ing pipeline that must complete before any expert
computation begins. In contrast, Routing-Free
MOoE retains >97.8% of its single-device prefill
throughput and >95.6% of its decode throughput
at M =4, consistent with the asynchronous scor-
ing and point-to-point communication pattern de-

scribed above. Although Routing-Free MoE is
slightly slower than standard MoE on a single de-
vice due to the rank-r gating projection applied to
all N experts rather than a single Dx N router
matmul, the crossover occurs already at M =2,
where Routing-Free MoE surpasses MoE by 23%
in prefill and 14% in decode throughput. The ad-
vantage grows with M. At M =4, Routing-Free
MoE delivers 1.19x higher prefill throughput and
1.12x higher decode throughput. This confirms
the theoretical prediction that the communication
and synchronization savings of Routing-Free MoE
compound with device count, while its computa-
tional cost ratio remains strictly below unity and
decreases monotonically in M. The decode stage
exhibits particularly graceful scaling because the
per-step bandwidth term 7" - D - b/ (M - B) is neg-
ligible at T'=1, leaving the critical path dominated
by startup latency « and sequential compute. Here,
Routing-Free MoE’s elimination of the central-
ized routing barrier translates almost entirely into
wall-clock savings, highlighting its performance
for latency-sensitive autoregressive serving.

B.2 Threshold Adaptation

The design of global post-activation threshold 6
provides a lightweight, inference-time mechanism
for trading computation against model quality, be-
yond its role in controlling overall sparsity during
training. The routing-free training dynamics natu-
rally encourage each expert to commit decisively
to its activation state, which pushes its internal
score either well above or well below 6 rather than
hovering near the boundary. As a result, moder-
ate perturbations to # at inference time displace
only low-confidence, marginally contributing acti-
vations, conferring inherent robustness to threshold
miscalibration.

Table 6 reports the downstream benchmark av-
erage across a sweep of 6 at scale S. The most
striking observation is the stability of performance
despite changes in activation density. Reducing pesr
from 100% to 4.3%, a more than 20x reduction
in expert activations and a 31% drop in FLOPs,
degrades the average score by less than two abso-
lute points. This robustness is a direct consequence
of the decisive activation patterns learned during
routing-free training. Because most expert scores
lie far from the decision boundary, sweeping 6 over
a wide range affects only a small number of un-
certain, low-impact activations. Notably, even at
extremely low thresholds where nearly all experts
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0 | peit (%) FLOPs | Avg.t
0.1 100.0 120.46M | 39.41
0.5 948 118.41M | 39.12
0.8 614 105.40M | 39.55
0.9 48.9 100.32M | 39.73
1.0 378 962IM | 39.80
1.1 293 92.97M | 39.98
1.2 229  90.37M | 39.77
1.5 11.1  85.80M | 40.77
1.9 43  83.14M | 40.23%

Table 6: Effect of the global threshold 6 on downstream
benchmark average (Avg.) and estimated FLOPs at
scale S. pesr denotes the empirical mean activation den-
sity at 6. TAverages at @ > 1.5 are driven by the anoma-
lous SST-2 and OBQA spikes (see Figure 8).

are activated, as seen at pegr ~ 100% with 6=0.1,
the model does not suffer from gradient explosion
or output instability. Since the activation scores
G;(x) directly scale each expert’s output before ag-
gregation, experts that pass the threshold with low
scores contribute proportionally little to the final
representation. Lowering 6 therefore admits only
marginal, low-weight activations rather than intro-
ducing equally weighted noise from all experts.

The per-benchmark breakdown in Figure 8 re-
veals that this aggregate stability is not an artifact of
compensating trends. The majority of benchmarks,
including HellaSwag, QQP, and QNLI are effec-
tively invariant to ¢, confirming that the core repre-
sentations remain intact even under aggressive spar-
sification. A small number of tasks exhibit larger
sensitivity. SST-2 in particular spikes at =1.5,
which accounts for most of the elevated aggregate
averages at high thresholds. We attribute this to
the interaction between task-specific input distri-
butions and the activation patterns of individual
experts, rather than a systematic benefit of sparser
computation. These results highlight a practical ad-
vantage of the routing-free design. The threshold
0 serves as a single, transparent knob that allows
practitioners to balance accuracy and efficiency at
deployment time without retraining, with assurance
that moderate adjustments will not disrupt the ex-
pert specialization patterns learned during training.

C Statistical Significance Analysis

To support the claim that Routing-Free MoE consis-
tently outperforms the standard MoE baseline, we
conduct a formal statistical analysis over the bench-
mark results reported in Table 1. Each model vari-
ant is evaluated on nine benchmarks across three
scales, yielding 9 x 3 = 27 paired observations,
where each pair consists of the accuracy score of

—e— ARCc HellaS QQP SST2 —e— PIQA
—e— OBQA ARCe QNLI —*— WinoG —-4- Avg
00 0\0-/._'-.\"“‘\0\.
3 . 4 * 6 > ” 2 4

0.5 b4 2 4
m
Q
<
£ 04| gunos A s i S -
A

0.3

W
0.2
0.1 0.5 0.80.91.01.11.2 1.5 1.9
[

Figure 8: Per-benchmark accuracy across 6 at scale S.
HellaSwag, QQP, QNLI are nearly invariant to the
threshold, while PIQA, ARC-easy, ARC-challenge and
Winogrande achieve their best performance around
Peff = Poo- SST-2 and OBQA spikes sharply at larger 6,
driving the elevated averages in Table 6.

Scale | W/L AAvg. t-stat p; Cohen’sd
S 5/4 +0.80 1.481 0.089 0.494
M 6/3 +0.76  0.764 0.233 0.255
L 5/4 +0.76  1.184 0.135 0.395
Overall ‘ 16/11 +0.77 1.858 0.037 0.358

Table 7: Paired statistical tests comparing Routing-Free
MOoE against the standard MoE baseline across 9 bench-
marks. p-values are one-sided.

Routing-Free MoE and MoE on the same bench-
mark at the same scale.

We treat each (scale, benchmark) pair as a
matched observation. For each pair we compute
the signed improvement A; = RFMoE; — MoE;
in percentage points (pp). We test the one-sided
null hypothesis Hy: ua < 0 against Hy: ua > 0.
We apply a one-sided paired ¢-test, which evaluates
whether the mean improvement is significantly pos-
itive under an approximate normality assumption.
Effect size is quantified via Cohen’s d computed
on the paired differences, and win rate is reported
as a descriptive statistic.

Table 7 reports statistics for each scale. Taking
together all observations (n = 27), Routing-Free
MoE achieves a positive improvement of +0.77 pp,
and the one-sided paired ¢-test yields ¢ = 1.858,
p = 0.037, and Cohen’s d = 0.36, rejecting Hy
at the « = 0.05 level. Beyond downstream task
accuracy, Routing-Free MoE also achieves consis-
tently lower perplexity than the MoE baseline at

13269



every scale, with —12.2% at S, —11.7% at M, and
—18.8% at L, suggesting that the quality of lan-
guage modeling improves consistently with scale
under Routing-Free MoE’s design, independent of
the downstream accuracy results.

Taken together, the statistical analysis supports
the conclusion that Routing-Free MoE produces a
reliable improvement over the standard MoE base-
line. The effect is consistent in direction across
all three scales and nine benchmarks, reaches sta-
tistical significance when observations are pooled
with paired ¢-test p = 0.037, along with substantial
perplexity reduction at every scale.

D Additional Discussion
D.1 Load-Balancing

A recent line of work explored auxiliary-loss-free
load balancing (DeepSeek-Al et al., 2025; Guo
et al., 2025a). Our baselines and Routing-Free
MOoE all employ auxiliary losses following standard
practice, ensuring a controlled comparison across
routing architectures. Since auxiliary-loss-free bal-
ancing is orthogonal to the routing mechanism it-
self, any such technique could in principle be ap-
plied to standard MoE, AoE, ReMoE, and Routing-
Free MoE alike. Introducing it for one method but
not others would confound the comparison, while
applying it uniformly across all baselines would
constitute a substantial engineering effort that lies
beyond the scope of this work. We therefore focus
on the architectural distinction between routing-
based and routing-free expert selection, which is
the central contribution of this paper, and leave
the integration of auxiliary-loss-free balancing as
beyond the scope of this work.

Similarly, since all architectures compared in
this work operate under the Token Choice load
balancing paradigm, which is the dominant set-
ting in the MoE literature (Muennighoff et al.,
2025), we choose not to include Expert Choice
routing as a direct baseline. Instead, our con-
figurable p-interpolation between token-balancing
and expert-balancing losses allows Routing-Free
MOoE to smoothly interpolate the spectrum be-
tween token-balancing and expert-balancing behav-
ior within a unified framework. This design choice
enables a thorough internal comparison across bal-
ancing strategies, as demonstrated in our ablation
studies, without introducing the confound of an
entirely different assignment paradigm.

D.2 Per-Layer and Global Density

In Figure 6, without any explicit supervision, the
model develops a striking three-stage structure,
with early layers showing high but rapidly decreas-
ing activation with large variance, middle layers
exhibiting a slow monotonic climb with low vari-
ance, and late layers displaying a sharp rise in both
activation level and variance. This emergent pat-
tern coincides closely with interpretability findings
on the heterogeneous functional roles that layers
naturally develop in LLMs (Geva et al., 2021; Gao
et al., 2024a; Wendler et al., 2024; Jiao et al., 2024),
with early layers converting input from token space
to concept space, middle layers processing them,
and late layers preparing input-dependent outputs
back to token space. We argue that the performance
gain from global density constraints stems precisely
from removing the per-layer inductive bias. Enforc-
ing identical sparsity at every depth suppresses the
compute-hungry layers that naturally benefit from
activating more experts, while simultaneously forc-
ing unnecessary activations in layers where sparse
representations suffice. Once this bias is lifted, the
model is free to self-organize into a more effective,
functionally aligned activation structure.
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E Additional Experiment Results

Arch. Config. | + L D D Size FLOPs| X 7 . a | Loss Val. Loss PPL

MoE Top3/12 |n/fa 12 512 128 92.44M 9093M | n/a n/a n/a 5e”? ]3804 3.667 39.13
MoE Top3/12 | n/fa 12 512 128 92.44M 9093M | n/a n/a nfa le™®|3.595 3.441 31.22
MoE Top3/12 |n/fa 12 512 128 92.44M 9093M | n/a n/a nfa 2e7°|5584 5366 2140

AoE Top3/12 | 16 12 512 128 93.85M 88.57M | n/a nla n/a le™®[3.440 3.401 30.00
AoE Top3/12 | 32 12 512 128 9532M 91.08M | n/a n/a n/a le™®|3450 3411 30.31
ReMoE Top3/12 |nfa 12 512 128 92.44M 90.93M | le™® 0.2 nfa le™® |3.521 3380  29.60

RFMOE poo=1/4|16 12 512 128 93.85M 8857M | le ! 0.005 0.5 5e¢~*|3.579 3.620 37.34
RFMOE poo=1/4| 16 12 512 128 93.85M 88.57M | le™® 0.05 05 5e *|3.552 3.600 36.60
RFMOE poo=1/4 |16 12 512 128 93.85M 8857M | 1e™'° 008 0.5 5e~*|3.537 3.644 3824
RFMOE poo=1/4| 16 12 512 128 93.85M 8857M | 1le ! 0.1 05 5e¢~*|3.571 3612 37.04

RFMOE poo=1/4| 16 12 512 128 93.85M 8857M | 1e ' 0.02 05 1e 33309 3358 28.73
RFMOE poo=1/4 |16 12 512 128 9385M 8857M | 1e™'° 002 0.5 273 |3261 3311 27.42
RFMOE poo=1/4| 16 12 512 128 93.85M 88.57M | le !0 0.02 05 573 |7097 6974 1065

RFMOE poo=1/4| 8 12 512 128 93.11M 87.32M | 1e™!® 0.02 05 le ®[3.332 3373 29.16
RFMOE po=1/4 |16 12 512 128 9385M 8857M | 1e™'° 002 0.5 1le 2 |3.309 3358 2874
REMOE poo=1/4 |32 12 512 128 9532M 91.08M | 1le™** 0.02 05 1e™®|3.290 3344 2834
RFMOE poo=1/4 | 64 12 512 128 9827M 96.09M | le ™ 0.02 05 le™®|3.290 3341 2824

RFMOE poo=1/4| 8 12 512 128 93.11M 87.32M | 1e™® 0.02 05 2733717 3.699 4041
RFMOE peo=1/4 |16 12 512 128 93.85M 8857M | 1e™'° 002 0.5 273 |3311 3261 26.08
RFMOE poo=1/4 |32 12 512 128 9532M 91.08M | le ' 0.02 05 273 |6435 6564 7094
RFMOE po=1/4 | 64 12 512 128 9827M 96.09M | le™'° 0.02 0.5 2e73|3.548 3516 33.65

RFMOE poo=1/4]32 12 512 128 9532M 91.08M | le ' 0.02 0.0 le™®|3481 3347 2841
RFMOE poo=1/4 |32 12 512 128 9532M 91.08M | le ! 0.02 02 1e™®|3483 3345 2835
REMOE poo=1/4 |32 12 512 128 9532M 91.08M | 1e ' 0.02 0.8 1le™®|3488 3346 28.38
RFMOE poo=1/4 |32 12 512 128 9532M 91.08M | le™!® 0.02 1.0 le 3 |3485 3347 2843

MoE Top4/16 | n/a 24 768 192 289.92M 24795M | n/a n/a nfa 5e~*[3.808 3300 27.11
MoE Top4/16 | nfa 24 768 192 289.92M 24795M | n/a n/a nfa le™®|3.726 3219  25.00

RFMOE poo=1/4| 48 24 768 192 307.30M 249.17M | 1e7'® 0.02 05 5e *[3.360 3292  26.90
RFMOE poo=1/4 | 48 24 768 192 307.30M 249.17M | 1e7° 0.02 05 1e 3 |3.166 3.095 22.08

MoE Top6/24 | n/a 32 1024 256 808.42M 608.38M | n/a n/a n/a S5e”?[3.947 3202 24.58
MoE Top6/24 | n/a 32 1024 256 808.42M 608.38M | n/a n/a nfa 8e* | 4493 3768 4329
MoE Top6/24 | nfa 32 1024 256 808.42M 608.38M | n/a n/a nfa le™® |8532 8104 3309

REMOE poo=1/4 | 64 32 1024 256 870.60M 613.19M | 1e™'® 0.02 0.5 5¢7*|3.179  3.107 22.36
RFMOE poo=1/4 | 64 32 1024 256 870.60M 613.19M | 1e71° 0.02 0.5 8 *|3.076 2994  19.97
RFMOE poo=1/4 | 64 32 1024 256 870.60M 613.19M | 1e™'° 002 0.5 le 3 |5448 3548 3473

Table 8: Performance of standard MoE, AoE, ReMoE, and Routing-Free MoE across configurations. Each
model was trained on OpenWebText (Gokaslan et al., 2019). Results underlined correspond to those reported in
Table 1. Entries marked as n/a indicate fields not applicable to the respective architectural design. Strikethrough
values denote experiments that failed to complete their training due to gradient explosion or inferior performance.
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